Abstract
explore the effect of our assumption of independence between genes, we simulated a pathway in which 141 expression of the individual genes was coupled to one another and evolving under an equal-rates Brownian 142 motion model, and we inferred evolutionary histories either including or eliminating the mean-centering 143 normalization step of our analysis pipeline. With the latter step in place, our method correctly yielded 144 little support for shifts in evolutionary rates in the simulated data except in the case of extremely tight 145 correlation between genes, a regime unlikely to be biologically relevant ( Figure S7 ). Additionally, to 146 test the impact of our assumption that the genes of a pathway were all subject to similar evolutionary 147 pressures, we simulated a heterogeneous pathway in which expression of only a fraction of the gene 148 members was subject to a lineage-specific shift in evolutionary rate. Inferring parameters from these 149 data revealed accurate detection of rate shifts even when a large proportion of the genes in the pathway 150 deviated from the rate shift model ( Figure S8 ). Taken together, our results make clear that the pathway-151 based phylogenetic approach is highly powered to infer evolutionary histories of gene expression change,
152
particularly lineage-specific evolutionary rate shifts. As a contrast to the poor performance of phylogenetic 153 inference when applied to one or a few genes, our findings underscore the utility of the multi-gene paradigm 154 in identifying candidate cases of evolutionarily relevant expression divergence.
155
Phylogenetic inference of regulatory evolution from experimental measure-156 ments of Saccharomyces expression 157 We next set out to apply our method for evolutionary reconstruction of regulatory change to experimental 158 measurements of gene expression. The total difference in gene expression between any two species is a 159 consequence of heritable differences that act in cis on the DNA strand of a gene whose expression is 160 measured, and of variants that act in trans, through a soluble factor, to impact gene expression of 161 distal targets. Effects of cis-acting variation can be surveyed on a genomic scale using our previously 162 reported strategy of mapping of RNA-seq reads to the individual alleles of a given gene in a diploid 163 inter-specific hybrid [24] , whereas the joint effects of cis and trans-acting factors can be assessed with 164 standard transcriptional profiling approaches in cultures of purebred species. To apply these experimental 165 paradigms we chose a system of Saccharomyces sensu stricto yeasts. We cultured two biological replicates 166 for each of a series of hybrids formed by the mating of S. cerevisiae to S. paradoxus, S. mikatae, and S. 167 bayanus in turn, as well as homozygotes of each species. We measured total expression in the species 168 homozygotes, and allele-specific expression in the hybrids, of each gene by RNA-seq, using established 7 mapping and normalization procedures (see Methods). In each set of expression data, we made use of S.
170
cerevisiae as a reference: we normalized expression in the homozygote of a given species, and expression of 171 the allele of a given species in a diploid hybrid, relative to the analogous measurement from S. cerevisiae.
172
To search for evidence of evolutionary constraint and lineage-specific shifts in evolutionary rate in 173 our yeast expression data, we considered as pathways the pre-defined sets of genes of common function 174 from the Gene Ontology (GO) process categories. For the genes of each GO term, we used normalized 175 expression measurements in yeast species and, separately, measurements of cis-regulatory variation from 176 interspecific hybrids, as input into our phylogenetic analysis pipeline. Thus, for each of the two classes 177 of expression measurements, for a given GO term we fit models of a lineage-specific rate shift in regu- Tables 1 and 2, and Tables S3   181   and S4) , and this complete data set served as the basis for manual inspection of biologically interesting 182 features.
183
Among the inferences of pathway regulatory evolution from our method, we observed many cases Table 1 ). Many such GO terms represented candidate cases of 187 polygenic regulatory evolution, in which multiple independent variants, at the unlinked genes that make In other instances, expression measurements in species homozygotes alone supported models of lineage-197 specific evolution, with each such pathway representing a candidate case of accelerated or constrained 198 evolution at trans-acting regulatory factors. For a total of 41 GO terms, our method inferred models 199 with >80% AIC weight from homozygote species expression data ( Figure 3b and Table 2 ). These top- Another emergent trend was the prevalence, across many GO terms, of models of distinct regulatory 210 evolution in the lineage to S. paradoxus as the best fit to expression measurements in species homozygotes 211 ( Figure 3b ). We noted no such recurrent model in analyses of cis-regulatory variation (Figure 3a) ,
212
implicating trans-acting variants as the likely source of the regulatory divergence in S. paradoxus. To 213 validate these patterns, we applied our phylogenetic inference method to expression measurements from 214 all genes in the genome analyzed as a single group, rather than to each GO term in turn. When we used 215 expression data from species homozygotes as input for this genome-scale analysis, our method assigned 216 complete AIC support to a model in which the rate of evolution was 2.5 times faster on the branch 217 leading to S. paradoxus (AIC weight = 1), consistent with results from individual GO terms (Figure 3b ).
218
An analogous inference calculation using measurements of cis-regulatory variation, for all genes in the 219 genome, yielded essentially complete support for an OU model of universal constraint (AIC weight = .99).
220
We conclude that constraint on the cis-acting determinants of gene expression, of roughly the same degree 221 in all yeasts, is the general rule from which changes in selective pressure on particular functions may drive 222 deviations in individual pathways. However, for many genes, expression in the S. paradoxus homozygote
Discussion

226
The effort to infer evolutionary histories of gene expression change has been a central focus of modern 227 comparative genomics. Against a backdrop of a few landmark successes [11, 12] cases of pathway regulatory evolution from experimental measurements.
237
The defining feature of our phylogenetic inference method is that it gains power by jointly leveraging 238 expression measurements of a group of genes, while avoiding a high-dimensional evolutionary model.
239
Rather than requiring an estimate of the evolutionary rate at each gene, our strategy estimates the 240 parameters of a distribution of evolutionary rates across genes. We thus apply the assumption of individuals of the species. In the study of trans-acting regulatory variation, a priori a case of apparent 247 accelerated evolution of a pathway could be driven by a single mutation of large effect maintained by 248 drift in a species, as in any phenomenological analysis of trait evolution [13, 34] 
274
The advent of RNA-seq has enabled expression surveys across non-model species in many taxa. Max-
275
imizing the biological value of these data requires methods that evaluate expression variation in the 276 context of sequence divergence between species. As rigorous phylogenetic interpretation of expression 277 data becomes possible, these measurements will take their place beside genome sequences as a rich source 278 of hypotheses, in the search for the molecular basis of evolutionary novelty.
Methods
280
Basic model
281
Our basic assumption, following [10] , is that the average expression levels of genes in a pathway evolve as 282 independent replicates of the same Brownian motion or Ornstein-Uhlenbeck process. However, instead 283 of assuming that each gene in the pathway has the same rate of evolution, we allow the different genes 284 in a pathway to draw their rate of evolution from a parametric distribution.
285
As a point of departure, we begin by considering the likelihood of a group of genes whose expression 286 evolves independently, each with its own rate of evolution. Throughout, we use uppercase letters to 287 represent random variables and matrices and lowercase letters to represent nonrandom variables. Assume 288 that we have measured expression of the genes of a pathway in n species, and that we have a fixed, time-
289
calibrated phylogeny from genome sequence data describing the relationships between those species. We 
where µ i is a vector representing the mean expression value at the tips of the phylogenetic tree for
where V i,j is the i, jth element of V.
297
If we assume that there is no branch-specific directionality to evolution, we can avoid the need to 
By our assumption that there is no branch-specific directionality,
for all i and j. Because each X i is multivariate normally distributed with dimension n, each Z i will also 303 be multivariate normally distributed with dimension n − 1 and a slightly different covariance structure.
304
Letting W be the covariance matrix corresponding to the Z i , elementary calculations taking into account 305 variances and covariances of sums of random variables reveal that
Next, we wish to incorporate into the Brownian motion and OU models a scheme in which the rates 307 of evolution of the genes of a pathway are not specified independently but instead are drawn from an 308 inverse-gamma distribution. In this context, the genes in a pathway share W, the variance-covariance 309 structure due to the tree, but the rate of evolution σ 2 i for each gene is an independent draw from an 310 inverse-gamma distribution. The inverse-gamma distribution has density
where Γ(·) is the gamma function and α and β are shape and scale parameters. The moments of this
from which it follows that the inverse-gamma distribution has no mean if α < 1 and no variance if 315 α < 2. These properties allow for the distribution of rates of gene expression evolution in a pathway to 316 be relatively broad; in addition, the inverse gamma density has no mass at 0, which prevents any gene in 
The second line follows recognizing that each integral is independent. Thus, the likelihood of the 324 observations of transcriptome-wide gene expression across the pathway in n taxa, normalized by the 325 expression level in taxon 1, is given by (3).
326
For the application to simulated and experimental data as described below, given observations of 
330
Covariance matrix
331
In the previous section, we left the unnormalized covariance matrix V unspecified. Here we briefly recall 332 the forms of V under Brownian motion and the Ornstein-Uhlenbeck process. Define the height of the 333 evolutionary tree to be T and and the height of the node containing the common ancestor of taxa i and 334 j by t ij . Then the covariance matrix for Brownian motion is
and the covariance matrix for the Ornstein-Uhlenbeck process is
where θ quantifies the strength of stabilizing selection, with large θ corresponding to stronger selection.
Brownian motion model, we adopt a framework similar to that of O'Meara et al. [15] . We assume that in 339 a specified subtree of the total phylogeny, the rate of evolution of every gene is multiplied by a constant,
340
compared to the rest of the tree. Under the Brownian motion model, this is equivalent to multiplying 341 the branch lengths in that part of the tree by that same constant; hence, shifts in evolutionary rate are 342 incorporated by multiplying the branch lengths of affected branches by the value of the rate shift.
343
Comparing likelihoods among fitted models
344
To evaluate the support for the distinct models we fit to expression data for a given pathway, we require 345 a strategy that will be broadly applicable in cases where no a priori expectation of the correct model is is the same along all lineages in the phylogeny, and k = 3 for all other models). which each gene in a pathway evolves independently, we generated expression data for one gene at a 355 time as follows. We first drew the rate of evolution from the appropriately parameterized inverse-gamma 356 distribution. Then, without loss of generality, we specified that the expression level at the root of the 357 phylogeny was equal to 0, and we simulated evolution along the branches of the yeast phylogeny according
358
to either a Brownian motion or an Ornstein-Uhlenbeck process (with optimal expression level equal to 359 0), using the terminal expression level on a branch as the initial expression level of its daughter branches.
360
To account for lineage-specific shifts in evolutionary rate in a simulated pathway, we multiplied the rate 361 of evolution of each gene by the rate shift parameter for evolution along the branches affected by the rate 362 shift. For each Brownian motion-based rate shift model applicable to the tree, we simulated 100 replicate 363 datasets for each of a range of gene group sizes, in each case setting α = 3, β = 2, and the rate shift 364 parameter as specified in Figure 1 and Figures S1-S5. For the Ornstein-Uhlenbeck model, we simulated 365 100 replicate datasets for each of a range of pathway sizes with α = 3, β = 2, and θ as specified in Figure   366 To simulate under models in which expression of genes in a pathway was correlated with coefficient ρ,
368
we first drew (σ 2 i , 1 ≤ i ≤ n), the rate of evolution for each gene, from an inverse-gamma distribution with 369 α = 3, β = 2. We then parameterized the instantaneous variance-covariance matrix of the n-dimensional 370 Brownian motion by comparisons. In the case of lineage-specific shifts in evolutionary rate or universal selective constraint,
449
one or more taxa will exhibit distinct densities of the normalized expression divergence measure. Thus,
450
we generated each distribution in Figure 4 by tabulating the log fold-change in expression between the 451 indicated species and S. cerevisiae, and then dividing this quantity by the divergence time between 452 the indicated species and S. cerevisiae according to the genome tree. After this normalization, if a 453 pathway has been subject to accelerated regulatory evolution in one lineage, the distribution of expression 454 log fold-changes corresponding to the species at the tip of that lineage will be wider than expected 455 based on the length of the branch from DNA sequence, and hence it will stand out against the other 456 distributions when plotted as in Figure 4 ; likewise, constraint on expression evolution of a pathway in 457 a particular species will manifest as a narrower distribution for that species. In the case of a pathway fold-changes across genes of the pathway in a given species will thus be inversely proportional to the 463 species distance from S. cerevisiae, with the narrowest distribution for S. bayanus and the widest for S.
464
paradoxus. reports the number of genes in the pathway and the y axis reports the Akaike weight of the indicated model. Data were simulated under a Brownian motion model in which the rate of regulatory evolution for each gene was drawn from an inverse-gamma distribution with α = 3, β = 2 and, for the branch leading to S. paradoxus, increased by a factor of 5. In the legend, ER denotes an equal-rates Brownian motion model in which rates of evolution were the same on each branch of the phylogeny; OU denotes an Ornstein-Uhlenbeck model of evolution; and species name abbreviations denote Brownian motion models of accelerated evolutionary rate on the subtrees leading to the respective taxa. (b), Each set of symbols reports results from expression data simulated under a Brownian motion model in which the rate of regulatory evolution for each gene was drawn from an inverse-gamma distribution with α = 3, β = 2 and, for the branch leading to S. paradoxus, increased by the factor indicated on the x axis. In a given set of symbols, filled circles report the mean, and vertical bars report the standard deviation of the sampling distribution, of the inferred rate shift parameter in simulations of pathways containing, from left to right, 2, 10, 50, and 100 genes. Results from simulations of expression under models of evolutionary rate shifts on other branches of the yeast phylogeny, and simulations of expression in the absence of a lineage-specific evolutionary rate shift, are reported in Supplmentary Figures 1-5 . Figure 1a except that expression measurements were simulated under an OU model in which the phylogeny-wide rate of regulatory evolution for each gene was drawn from an inverse-gamma distribution with α = 3, β = 2 and the phylogeny-wide constraint parameter had a value of 10. (b), Data are as in Figure 1b except that expression measurements were simulated under an OU model in which the phylogeny-wide rate of regulatory evolution for each gene was drawn from an inverse-gamma distribution with α = 3, β = 2 and the phylogeny-wide constraint parameter had the value indicated on the x axis. 1  11  21  31  41  51  61  71  81  91  101  111  121  131  141  151  161  171  181  191  201  211  221  231  241  251  261  271  281  291  301  311  321 Table S3 . (b), Inference from measurements of total expression in species homozygotes; numerical indices correspond to rows in Table S4 . Each row reports the results of phylogenetic inference of the evolutionary history of gene regulation for one yeast Gene Ontology process term, from experimental measurements of cis-regulatory variation in interspecific yeast hybrids. N , number of genes in the indicated GO term for which expression measurements were available in all species. Model, best-fit model from among the five possible Brownian motion models of evolutionary rate shift in lineages of the Saccharomyces phylogeny (see Figure 1a) , the Ornstein-Uhlenbeck (OU) model of universal constraint, and the equal-rates model involving no lineage-specific differences in evolutionary rate. wAIC, Akaike Information Criterion weight of the indicated model. Constraint or shift parameter, fitted value of the strength of purifying selection or the shift in the rate of regulatory evolution on the indicated lineage, when the best-fit model was the OU model of constraint or a Brownian motion lineage-specific evolutionary rate model, respectively. Tables 1 and 2 ). (a) Allele-specific expression from measurements in diploid hybrids (left) and total expression measurements in species homozygotes (right) for the 38 genes of GO:0001302, replicative cell aging, supporting a model of accelerated evolution in S. paradoxus; in the inset, the number above the bolded branch reports the inferred shift in the rate of regulatory evolution along that lineage. (b) Allele-specific expression from measurements in diploid hybrids for the 462 genes of GO:0006351, transport, supporting a model of constraint in S. bayanus; in the inset, the number above the bolded branch reports the inferred shift in the rate of regulatory evolution along that lineage. (c) Total expression measured in species homozygotes for the 175 genes of GO:0006281, transcription, supporting an Ornstein-Uhlenbeck model of universal constraint; in the inset, the number above the tree reports the inferred value of the constraint parameter. Note that in (c), the width of the distribution of expression differences between a given species and S. cerevisiae correlates inversely with the sequence divergence of that species, as expected if selective constraint on expression renders the estimate of evolutionary distance from genome sequence an increasing over-estimate of expression change. Data are as in Table 1 except that inferences were made from experimental measurements of expression in purebred yeast homozygotes. Figure 1a of the main text, except that expression measurements were simulated under a Brownian motion model in which the rate of regulatory evolution for each gene was drawn from an inverse-gamma distribution with α = 3, β = 2 and, for the subtree leading to S. paradoxus and S. cerevisiae, increased by a factor of 5. (b), Data are as in Figure 1b of the main text, except that expression measurements were simulated under a Brownian motion model in which the rate of regulatory evolution for each gene was drawn from an inverse-gamma distribution with α = 3, β = 2 and, for the subtree leading to S. paradoxus and S. cerevisiae, increased by the factor indicated on the x axis. Figure 1a of the main text, except that expression measurements were simulated under a Brownian motion model in which the rate of regulatory evolution for each gene was drawn from an inverse-gamma distribution with α = 3, β = 2 and, for the branch leading to S. cerevisiae, increased by a factor of 5. (b), Data are as in Figure 1b of the main text, except that expression measurements were simulated under a Brownian motion model in which the rate of regulatory evolution for each gene was drawn from an inverse-gamma distribution with α = 3, β = 2 and, for the branch leading to S. cerevisiae, increased by the factor indicated on the x axis. Figure 1a of the main text, except that expression measurements were simulated under a Brownian motion model in which the rate of regulatory evolution for each gene was drawn from an inverse-gamma distribution with α = 3, β = 2 and, for the branch leading to S. mikatae, increased by a factor of 5. (b), Data are as in Figure 1b of the main text, except that expression measurements were simulated under a Brownian motion model in which the rate of regulatory evolution for each gene was drawn from an inverse-gamma distribution with α = 3, β = 2 and, for the branch leading to S. mikatae, increased by the factor indicated on the x axis. Figure 1a of the main text, except that expression measurements were simulated under a Brownian motion model in which the rate of regulatory evolution for each gene was drawn from an inverse-gamma distribution with α = 3, β = 2 and, for the branch leading to S. bayanus, increased by a factor of 5. (b), Data are as in Figure 1b of the main text, except that expression measurements were simulated under a Brownian motion model in which the rate of regulatory evolution for each gene was drawn from an inverse-gamma distribution with α = 3, β = 2 and, for the branch leading to S. bayanus, increased by the factor indicated on the x axis. Figure S6 . Relationship between inferred values of parameters in phylogenetic reconstruction of the evolutionary history of yeast pathway regulation, under an Ornstein-Uhlenbeck model. In the main plot, each data point reports the results of inference of the evolutionary history of regulation of a yeast pathway of size 100: expression data were simulated under an Ornstein-Uhlenbeck (OU) model in which the rates of regulatory evolution of pathway genes were drawn from an inverse-gamma distribution with α = 3 and β = 2 and the OU constraint parameter θ was set to 10, after which parameter values for an OU model were optimized against the simulated expression data. For histograms at top and left, the independent variable is shared with the axis of the main plot and reports the indicated parameter value, and the dependent variable reports the proportion of simulated data sets in which the corresponding value was inferred. Note that inferences from most simulated data sets accurately estimate β and θ, but for a few data sets, large parameter values are inferred. Correlation coefficient Probability that a rate shift model has wAIC > .8 Uncentered Centered Figure S7 . Mean-centering pathway expression levels in each species corrects for spurious inference of non-neutral regulatory evolution arising from gene co-regulation. Each trace reports the results of inference of the evolutionary history of regulation of a yeast pathway of size 100, from expression data simulated under a Brownian motion model in which evolutionary rates were the same on all branches of the yeast phylogeny, and pathway genes were correlated with one another with respect to expression throughout the phylogeny. Each line style reports one scheme for normalization of simulated expression data before evolutionary inference: expression measurements were analyzed as is (Uncentered), or the distribution of expression across pathway genes for each species in turn was normalized to have a mean of 0 (Centered). The x axis reports the value of the correlation coefficient between genes in the group, and the y axis reports the fraction of 500 simulations that resulted in a model other than the Brownian motion equal-rates model having an Akaike weight greater than 0.8. Figure S8 . Heterogeneity in the mode of regulatory evolution across the genes of a pathway has little impact on inference of evolutionary histories from expression data. Each trace reports the results of inference of the evolutionary history of regulation of a yeast pathway of size 100, from expression data simulated under a Brownian motion model in which the rate of regulatory evolution for each gene was drawn from an inverse-gamma distribution with α = 3, β = 2 and, for the branch leading to S. paradoxus, increased by a factor of 5 for a subset of pathway genes. The x axis reports the fraction of genes in the group without a rate shift, and the y axis reports the average Akaike weight assigned to each model. Line styles are as in Figure 1a of the main text.
Supplementary Figure Legends
Supplementary Table Legends   589   Table S1 . Strains used in this work. Table S2 . Read mapping statistics from yeast RNA-seq. Each set of rows reports the mapping statistics for reads from RNA-seq libraries used for a comparison of two yeast species. For a given set, in row headings, numerals indicate biological replicates, single species names indicate homozygotes, and species name pairs separated by a slash indicate diploid interspecies hybrids. Each row reports results from one library. Total reads, the full set of reads sequenced. Have polyT, the number of reads containing at least two consecutive Ts at only one end. Uniquely mapped, the number of reads mapping uniquely, with no mismatches, to the concatenated genomes of the two species of the set. Passed through filters, the number of reads whose poly-A tails were unlikely to have originated from oligo-dT mispriming to A-rich regions of the genome; see Methods. Table S3 . Fitted models of cis-regulatory evolution in yeast pathways. Data are as in Table 1 of the main text except that results for all pathways are shown. Table S4 . Fitted models of species regulatory evolution in yeast pathways. Data are as in Table 2 of the main text except that results for all pathways are shown.
